Despite the extensive studies in the field of diffusion, the role of innovativeness in diffusion models has not reached a consensus and the literature has dedicated little effort to modelling customers' heterogeneous opinion leadership. These gaps could be some of the key limits for the further exploration of the diffusion phenomena. This study proposes that the use of innovativeness in diffusion models can be seen as a filter for potential customers and as an indicator for customers' opinion leadership. We analyse the respective roles of innovativeness and opinion leadership in diffusion based on the suggested model. We also show the model's potential to identify and predict the opinion leaders of a diffusion system. We implement the proposed model in the case of a 3G mobile phone technology. The results demonstrate good fitting and forecasting performance of the model. We hope the insights offered by this study can benefit both innovation academics and practitioners.
INTRODUCTION
Innovations have been recognized as key drivers for firms' profitability (Hamilton, 1982; Hauser et al., 2006) and thus are vital for firms' survival (Crespell et al., 2006) . Diffusion, together with creation and commercialisation, are considered as the three pillars in the successful introduction of an innovation. It is argued that innovation has little social or economic impact without diffusion (Hall, 2005) , as it is commonly observed that for most innovations it takes a long time for the extent of ultimate use to be attained. A typical example is the use of communication tools, such as mobile phones, in which case the tools can achieve their optimum performance only when the majority of people have adopted these products.
Also for firms, to understand diffusion is also to understand the market growth of their new products. Therefore, to explain and predict the diffusion trend in an accurate manner is essential for firms' marketing and production strategies (Amini and Li, 2011; Amini et al., 2012) .
Innovativeness and opinion leaders are two of the hottest areas of discussion in diffusion, as their concepts cover two types of diffusion drivers respectively: the former explains the level of customers' propensity to adopt innovations (Klink and Athaide, 2010) and the latter studies the customers who have higher influence in the system (Iyengar et al., 2011) . Although there are extensive studies of innovativeness and opinion leadership in the existing literature, the two topics are still under debate and offer potential opportunities for further research and applications. Especially in the field of diffusion models, for instance, the way in which innovativeness should be utilised to model diffusion has not reached a consensus (Hauser et al., 2006) ; the consideration of opinion leadership in diffusion models is mostly studied on a homogeneous level such as the Bass model (Bass, 1969) or a partially heterogeneous level (Van den Bulte and Joshi, 2007) , while little is known from an entirely heterogeneous point of view; also we realise that the existing literature does not show an applicable approach for assessing and quantifying individual customers' opinion leadership in a vast system, nor a valid way of modelling it. We argue that these gaps are some of the key limits for the further understanding of the diffusion phenomena.
This study proposes a model of the diffusion process considering individual customers' innovativeness and opinion leadership. This study is important for two main reasons: first, because academics increasingly desire to know the roles of various diffusion drivers and, second, because practitioners constantly demand a better explanation tool of diffusion to aid their strategic decisions. The results of the study are of both theoretical and managerial interest, from the following perspectives. First, due to different firm strategies at different stages, innovations may target different customers through time. Usually, innovations target highly innovative customers initially and then gradually expand to cover the majorities.
Hence, we use customer innovativeness as a threshold to filter potential adopters at different stage of diffusion and target a good fit in the empirical study. Second, according to our current knowledge, our model is one of the few of its type that have an applicable way to model individual customer's opinion leadership. We show our model's the potential to identify and predict the opinion leaders of a diffusion system. Also the model can help explore how the heterogeneity of customers' opinion leadership in a system will influence diffusion.
Third, the diffusion models that consider customers' adoption behaviour from an individual level are limited by computing power when applied to a large-scale system. By introducing a parameter that controls the level of model heterogeneity, the proposed model is capable to explain large-scale cases. Finally, the proposed model exhibits good performance in explaining and forecasting diffusion phenomena, therefore, is capable to better aid firms' marketing and production strategies.
The remainder of this study is structured as following. In Section 2, we conduct a review of the related literature. Section 3 explains the proposed model. Then, we implement the proposed model in Section 4 in order to explain the diffusion case of a Japanese 3G mobile phone technology and compare its performance with the Bass model and the G/SG model. Section 5 presents some further discussions based on the model. Finally, conclusions are drawn and some future directions are suggested.
RELATED LITERATURE

Diffusion Models
It is well known that the resulting curve of a typical diffusion process is usually a bell-shaped curve, where the number of innovation adopters is plotted versus time (Griliches, 1957) .
Following this observation, a number of models have been proposed, some of them originating from the desire to provide a means to understand the phenomena better, others simply driven from the desire to fit the real world data. Diffusion models are either homogeneous or heterogeneous in nature. These two streams of models can both illustrate the bell-shaped curve of diffusion with meaningful implications. Both, are therefore widely used (Geroski, 2000) .
Most homogeneous diffusion models originate from the two-step flow theory (Katz and Lazarsfeld, 1955) , which states that information of an innovation will first reach a few individuals through the mass media and then spread to others through the word-of-mouth effect. The pioneering work in this field is mostly credited to the Bass model (1969) : if t f is defined as the percentage of potential adopters who adopt the product at time t and 1  t F is the penetration rate, the discrete analogue of the product diffusion process can be written in the form of Equation 1, where p and q are the parameters of two key diffusion drivers: a constant diffusion driver that can be explained by the mass media effect or customers' inner intention to adopt, and a dynamic drivers this is dependent on the number of other adopters (i.g. word-o-mouth effect, network effect).. The Bass model has influenced many of the subsequent diffusion studies, as summarised by Geroski (2000) , Mahajan et al. (2000) , and Peres et al. (2010) .
(1)
Conversely, heterogeneous diffusion models consider the differences of adoption timing between individuals, which take place due to their respective goals, needs, and abilities. In other words, the reason why a diffusion process is formed is because customers adopt the innovation at different time when their requirements for adoption are satisfied. Compared with homogeneous diffusion models, the heterogeneous models emphasise the heteroge-neity of individual characteristics regarding innovation adoption. For instance, based on the assumption that firm size represents the firms' capability of adopting innovation, Davies (1979) uses firm size as input to predict firms' innovation adoption behaviour and consequently model the diffusion curve. One of the more recent developments in the field of heterogeneous diffusion models can be seen in the agent based diffusion models, where each customer is considered as an agent that exhibits unique characteristics and makes adoption decisions following their own rules (Di Benedetto, 2011; Rand and Rust, 2011) . For instance, Emmanouilides and Davies (2007) model the interactions between individual agents in new product diffusion process. van Eck et al. (2011) explore the role of opinion leaders in diffusion through an agent-based modelling approach, and Amini et al. (2012) propose an agentbased model to analyse the production-sales policies on the diffusion of a new generic product.
Innovativeness and Opinion Leadership
Customers' attitudes toward innovations are naturally distinct from one another. Reflecting on the above, scholars use the term innovativeness to define the consumers' propensity to adopt innovations (Hauser et al., 2006; Klink and Athaide, 2010) . A variety of innovativeness measures have been developed in the existing literature. For instance, innovativeness can be quantified by customers' past and current innovation performance (Midgley and Dowling, 1978; Wolfe, 1994) ; innovativeness can be identified through surveys or interviews with scaled questions (Roehrich, 2004; Wang and Ahmed, 2004) ; innovativeness can also be explained by certain indicators: on the firm level, these indicators could be firm size or R&D investment (Smith, 2005) ; on the individual level, these indicators could be personal income (Van den Bulte and Stremersch, 2004) .
Furthermore, customers are also distinct in terms of their influential power in the system.
The term 'opinion leader' is defined as an individual who leads in influencing others' opinions (Lazarsfeld et al., 1940) . Hence, customers who have higher opinion leadership tend to influence more others' adoption decisions. Opinion leadership is usually viewed as a monomorphic, case-specific measure of individual differences; that is, a customer that has higher opinion leadership in one diffusion process may be a follower in another (Tellis et al., 2009 ).
Measures of opinion leadership are also diverse. The early attempt of assessing customers' opinion leadership can be traced back to the work of Rogers and Cartano (1962) . As summarised by Weimann et al. (2007) , Rogers (2003) , and Iyengar et al. (2011) , the existing ways of determining opinion leaders such as the positional, reputational, self-designating, and sociometric approaches, as well as observation and the key informant approach, are normally achieved through observations and surveys.
In this study, we emphasize two perspectives of the relationship between innovativeness and opinion leadership. First, although they are different concepts in nature, innovativeness and opinion leadership share many attributes (Rogers, 2003; Tellis et al., 2009) . Therefore, it is easy to deduce a positive relationship between innovativeness and opinion leadership from their definitions alone, since an opinion leader will only adopt an innovation earlier before it can be passed on to others (van Eck et al., 2011) . This positive relationship has been proven by several empirical studies (Flynn et al., 1996; Goldsmith and Hofacker, 1991; Ruvio and Shoham, 2007; Summers, 1971) . A study conducted by Midgley and Dowling (1993) even uses opinion leadership as a measure for innovative predisposition. Second, it is those innovative, but not the most innovative, customers, who possess the highest opinion leadership in the system (Rogers, 2003) . This is because the most innovative customers usually desire different attributes from the innovations than the majority, and therefore their adoption decision may not influence many others. This concept has been widely accepted in the existing literature, especially in the high technology industries to study the market chasm (Moore, 1991) and the saddle effect in diffusion (Goldenberg et al., 2006; Goldenberg et al., 2002; Muller and Yogev, 2006; Peres et al., 2010) . To sum up, we propose that customers' opinion leadership will initially increase with its increased innovativeness and then decrease after innovativeness reaches a certain point.
Innovativeness and Opinion Leadership in Diffusion Models
Customers with higher innovativeness are likely to adopt innovations earlier. Innovativeness is perhaps one of the closest concepts to diffusion, as it directly influences customers' adoption behaviour and, consequently, the diffusion process of the system. In the simplest case, if innovativeness can accurately predict each customer's adoption timing, the corresponding diffusion curve can be drawn directly (Rogers, 2003) . In a more complicated case (the G/SG model), a customer's adoption probability through time follows a shifted Gompertz distribu-tion with parameters b and η, in which η represents the consumer's tendency to adopt late (reverse innovativeness) and follows a Gamma distribution (Bemmaor, 1994) . Furthermore, innovativeness and its indicators are often used as a threshold to determine customers' adoption behaviour in diffusion models, such as in the studies of Davies (1979) , Stremersch (2004), and van Eck et al. (2011) .
Customers' opinion leadership in diffusion models was mostly considered on a homogeneous level in the early days. Recently, the focus of opinion leadership in diffusion models has been gradually moving into a heterogeneous level, as diffusion modellers have noticed the importance of differentiating customers based on their influential power in the system. For instance, some scholars (Goldenberg et al., 2009; Van den Bulte and Joshi, 2007; van Eck et al., 2011) have tried to use a simple typology to classify customers into influential ones and imitators, in order to explore their respective roles in diffusion. In this study, we seek to further this towards a more heterogeneous level.
Perhaps the present study is more akin to that of van Eck et al. (2011) , which seeks to understand the role of opinion leaders in diffusion through an agent-based modelling approach. However, we see several limitations in their work, which can be improved in the current study. First, their model categorises customers into opinion leaders and non-opinion leaders based on a simulated network structure, thus, does not reveal the close link between opinion leadership and innovativeness. Second, their model uses innovativeness as a direct determiner of customers' adoption decision. To the contrary, a precise and applicable measurement of innovativeness to match customers' adoption behaviour is required, which is not provided. Finally, their model is not supported from a real word case, since the data required by the model are difficult to obtain.
PROPOSED MODEL
In the proposed model we group the studied customers of diffusion into a certain number of agents, so we let: (1) each agent in the studied system consists of agent M customers; (2) the customers in each agent are homogeneous in nature. In other words, we introduce a parameter agent M to control the heterogeneous level of the system: when the parameter value reduces to 1, meaning only one customer in one agent, the proposed model will reduce to a typical agent-based model; when the parameter value increases and reaches the whole population of the system, all the customers are thought to have the same characteristics and the proposed model becomes a homogeneous diffusion model. By setting heterogeneity at an appropriate level, it is expected that the proposed model can be applied to cases with large-scale systems, produce deterministic results for the parameter estimation and curve-fitting, and at the same time offer enough level of heterogeneity for the analysis.
It is assumed that an innovation diffuses in a market with M customers, and thus there will be agent M M agents in the system. We propose a threshold t Threshold , which if crossed by a customer's innovativeness i I then the customer has the potential to consider adopting the innovation. We further assume that the threshold will decrease through time due to the innovation's decreased price relative to its utility (see Equation 2, where  is a discount factor).
We propose a fully connected network for the network structure of the system; namely that any two customers in the system are able to communicate with each other regarding the innovation. As previously mentioned, the Bass model (1969) and most of its extensions consider two key drivers of diffusion: one is constant through time which can be explained as mass media effect or customers' inner intention to adopt, while the other is depended on the number of other adopters, thus is related to the word of mouth effect and network effect. Following this modelling concept we use Equation 3 to explain the probability of potential customers in agent i who adopt the innovation at time t ( t i P , ), where p and q are the parameters of the two key diffusion drivers respectively, t j F , is the number of adopters in agent j at time t, and j OL is the relative opinion leadership of the customers in agent j. Note that in Equation 3 we only use j OL to explain the customers' relative opinion leadership within the system. The change of the overall level of opinion leadership will be reflected by the change of parameter q, in a manner equal to the Bass model. Consequently, the number of new adopters and the number of cumulative adopters in agent i at time t ( is modified based on the normal distribution function with I and σ being the mean and standard deviation of innovativeness of the system. The idea of this function is that we twist the normal distribution curve to a skewed bell-shaped curve by introducing two parameters. Specifically, as in Figure 1 , we introduce parameter α to change the peak point of the normal distribution curve from I to Peak and introduce parameter β to modify σ in order to change the concentration level of the normal distribution curve (we define the value of Peak as in Equation 7, showing how much the changed peak point differs from the original peak point). Therefore, α and β can be considered as the shape and scale parameters of the curve, respectively.
It should be noted that the produced curve of Equation 6 also can be right skewed, when the value of parameter α is negative. A right skewed curve here means less innovative customers are more influential within the system. It is likely to happen when the system is reluctant to adopt the change. However, we do not discuss this type of opinion leadership curve in this study, as this is not a usual case in diffusion. -
THE CASE OF 3G MOBILE PHONE SERVICE IN JAPAN
In this section, we demonstrate an implementation of the proposed model to show its practical capacity in explaining real diffusion phenomena. The case presented here is the third generation of mobile telecommunication service in Japan.
3G Mobile Phone Service in Japan
Japan is an island nation in East Asia. The country is a major economic power in the world with a population that is estimated at around 127 million (CIA, 2012) . Japan is one of the more economically developed countries in the world. Although growth rate has been slight- 
Innovativeness and Income
The lack of a generalised and widely-accepted measure of innovativeness is still one of the main obstacle for innovation studies (Hauser et al., 2006) . In this study, we use the data of income as the input of innovativeness for the model. Customers with higher income are more likely to afford new products. Therefore, the diffusion literature has identified a correlated relationship between customers' income and innovativeness since its early age (Medina and Michaels, 1994; Midgley and Dowling, 1978; Rogers, 1962) . In addition, although the concepts of innovativeness and income are different, the literature shows that the former can be interpreted by the latter in diffusion models. For instance, net profits and revenue growth are used as indicators of innovativeness on the firm level (Rogers, 1998 use GDP per capita to indicate average income. This is appropriate, because the average income of a country is directly related to its GDP per capita; and because the shape parameter k of the income distribution function is only determined by the Gini coefficient (see Equation 9) and the average income is only used to determine the mean of the distribution. Figure 3 shows the generated income distribution of Japan based on the above discussion.
----------------------------INSERT FIGURE 3 HERE -----------------------------
Parameter Estimation Technique
Generic Algorithm estimation (Venkatesan et al., 2004 ) is used in this study for parameter estimation. We consider that a global estimation tool should be more appropriate here than the non-global ones (such as non-linear least square estimation), as it is more likely to reach a global optimum when the number of estimated parameters is large and the estimated curve has many fluctuations. We use the software default value for the crossover and mutation (0.8 and 0.25). The stopping rule for estimation is as follows: terminate if there is no improvement (less than 1E-09) in the objective function for 100 consecutive generations. We run the GA estimation for the model 100 times repeatedly. The reported values in this study are the mean and the standard deviation of the 100 estimates obtained from the repeats. The standard error and p value of each parameter can be calculated correspondingly based on the mean value and standard deviation from the results.
We set 60000
. Considering the population of Japan, there would be more than 1000 agents in the system, which should offer sufficient heterogeneity to the case. As the product had a trial period when the market size was deliberately controlled by the company, we introduce one more parameter, η (the percentage of customers who were excluded from the trial) in order to explain the size of the potential market during this trial period.
Results of Curve Fitting
Since our model is derived from the Bass model, we give the estimated results by the Bass model here as a benchmark. Additionally, compared with other classical diffusion models such as the exponential model (Fourt and Woodlock, 1960) , the logistic model (Mansfield, 1961) , and the Gompertz equation, the Bass model is the best for describing diffusion patterns, especially for IT innovations Kim, 2004, 2007) . We choose the G/SG (Bemmaor, 1994) model as another benchmark for two reasons. First, the G/SG model is developed based on the understanding of the role of innovativeness in diffusion, and thus, is comparable with the proposed model. Second, the G/SG model is reported to have higher performance than the Bass model in explaining some diffusion cases (Bemmaor and Lee, 2002) .
A graphical representation of the models' fit with the observed data of Japan 3G mobile phone subscription is shown in Figure 2 . We provide four measures of descriptive performance in Table 1 : sum of squared errors of prediction (SSE), mean absolute deviation (MAD), root mean square error (RMSE), and R square (R).
----------------------------
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As one of the more influential models in the history of management science, the Bass model has demonstrated that it is a good fit for studying diffusion processes in numerous cases. As a highly simplified model, however, the Bass model usually only depicts general trends in a less accurate manner. As is the case with this study, the Bass model exhibits the lowest fitting performance among the three. In particular, the Bass model overestimates the diffusion speed in the initial stage, underestimates the level of the peak point that the observed curve can reach, and underestimates the diffusion speed in the final stage.
The G/SG model performs very well in explaining the case study, with a performance similar to the proposed model 
Forecasting Performance
We also compare the forecasting performance of the suggested model with that of the Bass model and the G/SG mode. The results are reported using mean squared error, which has been widely used in assessing prediction accuracy of diffusion models. Following the approach of Kim and Srivastava (2007) and Decker and Gnibba-Yukawa (2010) , we divide the data into the calibration period and the forecasting period. Then based on the parameter values reported from the calibration period, we forecast the subscription numbers of the forecasting period. We first use 100 data points in the calibration period to forecast the subscription data of the most recent 22 data points, in order the see the models' forecasting performance in the final stage of the observed curve. Then we use 70 data points in the calibration period to forecast the subscription data of the most recent 52 data points, in order to test the models' predictive accuracy soon after the diffusion's peak point. Finally, we use 40 data points in the calibration period to forecast the subscription data of the last 92 data points, in order to see the modes' predictive accuracy before the diffusion's peak point. The results (see Table 3 ) show that the proposed model has better performance than the Bass model and the G/SG model in the first two cases, significantly. The performance of the proposed model, however, is slightly worse than the G/SG model in the last case when forecast-ing the market growth before the peak point. The Bass model has the lowest performance among the three models in all cases. Table 3 here
DISCUSSIONS
After validating the proposed model using the case of Japanese 3G mobile phone technology, we provide some further discussions based on the model, with specific focus on the roles of innovativeness and opinion leadership in diffusion.
Innovativeness
Many diffusion processes have a rather slow initial stage, and then at a certain point, suddenly take-off (Chandrasekaran and Tellis, 2008) . This phenomenon can be hardly explained by a simple sum of the mass media and word-of-mouth effects as in the Bass model. Mahajan and Peterson (1978) notice that the customer base of an innovation should be dynamic; namely that the number of customers who have the adoption potential is changing through time for various reasons. For instance, both decreased price and increased utility are likely to drag more individuals into the potential adopters group. Firms' market strategies also may target or exclude specific individuals during different periods. Especially in the initial stage of the innovation, its targeted customers are usually not the whole population base, but only a few innovators, as the majority will wait for either increased utility or decreased price. Because of the above issues, some scholars even argue that the nature of diffusion should be the democracy of the innovation (Sheth and Sisodia, 1999) . Therefore, we use innovativeness to filter potential customers in order to reflect the change of the innovation's real customer potential through time. As in the case with this study, the diffusion of the innovation has a trial period, during which only highly innovative customers are targeted.
Diffusion models that do not filter potential customers during this period will surely overestimate the diffusion rate (see Figure 3 for the results produced by the Bass model). Furthermore, the proposed model reports a higher mass media effect (p=0.0731) than that of the Bass model (p=0.0014). This is because the Bass model desires a low mass media effect to explain the slow diffusion rate in the initial stage, which is actually caused by the company's marketing strategy of limiting the customer base. This shows that the neglects of the dynamics of the potential market may also cause misunderstandings of other factors of diffusion. Finally, the proposed model performs visibly better than the Bass model in the final stage of the diffusion. The curve produced by the Bass model is approaching its ultimate level of penetration and thus, it underestimates the real market potential. With the filter role of innovativeness, the proposed model suggests that the total customer potential has not been utilised yet, which implies that the diffusion is still capable to continue if the product's price and utility are improved to meet the requirements of low innovativeness customers.
Measures of opinion leadership in the literature are usually through assessing individuals, and therefore these measures are only applicable when the studied group is relatively small.
Conversely, innovativeness is relatively easier to be quantified than opinion leadership is.
Although the close relationship between innovativeness and opinion leadership has been repeatedly emphasized in the literature, we believe this relationship has not been fully utilised in diffusion model studies. Therefore, we propose the second use of innovativeness in the current model to be its indicative potential for opinion leadership, which is evidenced by the empirical study.
Opinion Leadership
For the case with this study, the reported values of parameters α and β suggest that the influential power of customers is mostly held by a few opinion leaders. Furthermore, the model and its results suggest that the most influential customers (opinion leaders) in the system are the ones who are slightly more innovative than the majorities. As can be seen in Figure 4 .2, if we list the 1132 agents in the system based on their innovativeness from low to high, the opinion leaders are the ones who rank about 750.
As mentioned in the literature review section, opinion leadership is a case-specific measure of individual difference, that is, the same customer may exhibit different influential power in different diffusion cases. Hence, it is very difficult to identify opinion leaders in the system before the diffusion finishes. Combining the models' ability of identifying opinion leaders and the model's forecasting ability, our suggested model has the potential to predict the opinion leaders of a diffusion system. This will greatly help firms, as they can target those valuable customers and make appropriate marketing strategies before their rivals.
In the following paragraph, we further investigate how the heterogeneity of opinion leadership influences diffusion based on the proposed model. We would like to see how the changes of the shape and the scale parameters in our suggested model, as well as the corresponding opinion leadership curves influence the diffusion process.
We maintain the parameter value of β and change the parameter value of α from 0.2466 to 0 and 1, accordingly. From Figure 5 , it can be seen that the change of parameter α results in a change of opinion leadership heterogeneity in the system as expected: the higher value of α indicates that opinion leaders tend to be more innovative. Also we observe two main trends regarding the resulting diffusion curves. First, the change of parameter α does not impact the initial stage of the diffusion process. The change of the diffusion curve is only visible after about 40 data intervals. This is because opinion leadership influences diffusion through influencing word-of-mouth between customers, which is only visible after the number of adopters has reached a critical mass. Second, diffusion tends to be faster when the curve of opinion leadership versus innovativeness is left skewed (innovative customers tend to have higher opinion leadership). This is because the innovative opinion leaders will adopt the innovations earlier, influence others for a longer time, and seed up the whole diffusion process from a long-term perspective. According to Banerjee (1992) , if innovators are high status individuals who can lead others to imitate them, the diffusion process will take place particularly fast.
We then manipulate the value of parameter β in the model and at the same time maintain the values of other parameters. The resulting opinion leadership curve and diffusion curve are shown in Figure 6 . We list two main findings here. First, the impact of parameter β starts to be visible only after certain time intervals, which is similar with the case of the shape parameter α. Second, the diffusion curve produced by the bigger value of β has a slightly slow-er take-off, but it diffuses faster soon after and can reach a higher peak point. Therefore, the findings here suggest an imbalanced opinion leadership structure where only a few innovators that are particularly influential and others that are satisfied with the role of 'followers' can speed up the diffusion. Although in such a system, customers' innovationseeking behaviour is relatively weak overall (most customers will just wait to follow the opinion leaders), innovation do tends to diffuse faster from an overall view, as suggested by our model and results.
-
To sum up, from previous diffusion studies we know that innovations diffuse faster if the general level of the word-of-mouth effect is high. In this study, we further demonstrated that the heterogeneity of customers' opinion leadership also plays an important role in influencing the diffusion process.
CONCLUSIONS
Innovations have been recognized as key drivers for firms' profitability in today's fast changing environments. It is critical for a firm to understand, monitor, and forecast the diffusion of new technologies in order to possess a competitive advantage over its rivals. Therefore, innovativeness and opinion leadership as two key drivers for diffusion have become the hottest research topics in the current literature. However, the role of innovativeness in diffusion models has not reached a consensus and the existing literature has dedicated little effort to modelling customers' heterogeneous opinion leadership. This study contributes to the understanding of diffusion phenomena through a modelling approach with a specific focus on the role of innovativeness and opinion leadership. In our suggested model of diffusion, we propose the use of innovativeness as a filter for potential customers and an indicator to explain opinion leadership. The model is perhaps one of the few applicable tools that consider the role of opinion leadership in diffusion from a heterogeneous level. We show the model's applicability in a case of 3G mobile phone technology in Japan. The results demonstrate better fitting and forecasting performance of the model than the benchmarks, which means that our approach is appropriate.
Moreover, innovations usually target the most innovative customers in the initial stage, and then gradually expand to cover the majorities. Hence, we show that using innovativeness as a filter for potential customers can better fit the above fact and provide more accurate empirical results. Further, the model and the results suggest the innovative level of opinion leaders and the influential power of opinion leaders are both important factors of diffusion.
Also interestingly, the model has the potential to identify and predict opinion leaders of a diffusion process. This will especially benefit firms, as they can target those most valuable customers and make appropriate strategic decision before their rivals.
This research is subject to some limitations. We developed the model based on a combination of the theories, the abstract of the facts, and the assumptions that are deduced from the existing findings, and we only validate the model using the case of a 3G communication technology.
Therefore, for the purpose of generalization the model should be tested through more empirical cases with various settings. In addition, we used the data of income as the input of customers' innovativeness, for the sake of simplicity. It is appropriate in our case since the studied innovation is relatively more expensive than the old technologies, especially in the initial stage of release. While we do realise that this approach does not work in all innovation diffusion cases. For instance, for those innovations that are successful due to their low adoption cost (e.g. downloadable digital media to CDs and DVDs), income is not a valid factor for customers' early adoption behaviour. Hence, future studies should introduce or develop more robust measures of innovativeness in order to further validate the model and its results.
Although with limitations, we view this research as an important step for the study of diffusion models. Our model is expected to influence future studies to explore further the role of innovativeness and the nature of opinion leadership effect in diffusion. The results of this study could be enhanced and extended in a number of directions and we list some of them as following. First, the model and the case in this study is a product for individual customers, while the proposed model may also have the potential to work on the organisational level of innovation diffusions. Second, we use a modified normal distribution function to depict the relationship between innovativeness and opinion leadership, for the sake of simplicity. Fu-ture research should explore and test alternative functions and seek the best one. Third, this study considers the word-of-mouth effect with a specific focus on the role of opinion leadership. This can be further explored by combining other factors, such as network structure and spatial location, in order to provide a more comprehensive view of customers' interactions in diffusion. For instance, our suggested model is based on a relatively simple network structure. Given the importance of network structure on opinion leadership and diffusion (Watts and Dodds, 2007) , it is of interest to further test the model with different network structures (Bohlmann et al., 2010) . Last, but not least, the proposed model suggests a new perspective on how the heterogeneity of opinion leadership can influence the diffusion process. The results can be linked to studies of innovation policies in order to generate higher impact. 
